In order to answer these two questions, we will use various econometric models such as VAR-impulse response functions, Granger causality tests and GARCH models for modeling the volatility. The empirical results pointed out a positive relationship between all the sectors selected and STOXX 600 index. The Granger causality test showed a unidirectional causal relationship from the insurance sector to STOXX 600 and a bidirectional causal relationship between automobiles & parts, construction and material components, retail, telecommunications, utilities and STOXX600. We strongly believe that through our results we will help investors in their decision-making process, academic research and the policy makers and will improve supervisory process.
Introduction
Small firms and large firms can operate in the same market, under the same legal arrangement but they have a different organizational approach in terms of operations, legal structure, financial arrangements, shareholders etc. It is precisely these differences that make an area of dynamic influence between the two types of companies by size. Practice and statistics shows us that the influence is generally from large companies to small firms, but not as a general rules.
Despite of the fact that at the first glance larger firms can "survive" without small ones this is like a stock-market without scalpers (according to investopia, a scalper is a person who holds a position in a security for a short period of time in an attempt to make a profit. Scalpers buy and sell many times in a day with the objective of taking small consistent profits out of the market).
On the other hand, a market without large firms is similar with a stock market without market makers. In an efficient stock market, we need both to be in, in order to have covered the need for large quantities and the need for smaller spreads between buy and sell. Similar in a business environment we need small companies, sometimes niche ones, to the same extent as large firms.
Thus, understanding the dynamic interrelationships between the returns on size-based portfolios is useful not only in theoretical and empirical academic work, but also to regulators, investors, speculators, and hedgers.
The present paper has the following form: a presentation of the literature review and of the database and the methodology that we have used in our research.
The next part presents the results of the previous research and a short discussion on their impact and the last section presents the conclusions of our study. Pardo and Torro (2003) focused on analysing the dynamic relationships between large and small companies using IBEX-35 index and IBEX-Complementario for 1990-2002 period, which are the most important indexes of the Spanish Stock Exchange. With the help of multivariate GARCH models and impulse-response functions they conclude that bad news about small firms can cause volatility for both types of companies (large or small).
Literature Review
Hodgson, Masih and Masih (1999) explored the relationship between large, medium and small stocks in Australia by applying Johansen cointegration test, VECM (vector error-correction model) and variance decomposition. The empirical evidence showed that during a bear market phase the price of large firms provided the dominant price lead, while in a bull market phase, the small firms became more powerful, in the short and long term and their stock prices are relatively more exogenous.
Francis, B.B., Hunter, D.M., Mougoué, M. (2003) examined the causal relationship between large and small firms by approaching linear and nonlinear causality tests using daily returns stocks data. They revealed that small companies are leaded by the large ones but they also found significant nonlinear causality, which is bidirectional.
During the expansion and recession, phases of the business cycle that expected returns and risk for both small and large firms are different according to
What is the Causal Relationship between STOXX EUROPE 600 Sectors? But between Large Firms and Small Firms?
Perez-Quiros and Timmerman (2000) . The small firms present a greater degree of asymmetry in their expected returns across during these two phases.
Munteanu, Filip and Pece (2014) investigated if between 2005 and 2013 there is any link on the evolution of returns gained in 12 Emerging European Countries (EEC) and U.S., by using a VECM and a Granger causality test. They have found that there is a strongly connection between U.S and the EEC financial markets. Keim (1983) studied the example of two representative US stock exchanges and found out that the daily abnormal return of the NYSE and AMEX stock distributions in January is larger compared to the rest of eleven months and that the relationship between abnormal yield and size is always negative accentuated in January. Lo and MacKinlay (1990) pointed out that the returns of smaller stocks firms are correlated with past returns of larger stocks firm, but not vice-versa.
Conrad, Gultekin, and Kaul (1991) showed using GARCH models that volatility of the large firms are important to the future dynamics of their own returns as well as the returns of smaller firms and the shocks of the smaller firms have no impact on the returns of larger companies.
Ho, Ernst and Zhang (2011) focused on studying the dynamics of small cap and large firm prices and they found out a consistently negative and highly significant relationship between small and large firms stock prices.
Quantitative framework 3.1 Variables and data
The quantitative part of our study is focused on daily data (January 2001-March 2019) and data sources is Datastream. The selected variables, alongside their definitions, period, and source, are exhibited in Table 1 .
We 
Econometric models
In determining our main objective, we will use the VAR models, impulseresponse functions, Granger causality test and GARCH models.
We can use the below formula in order to calculate the daily returns:
where , is the yield of the asset i in period t, , is the asset price i in period t and , −1 is the price of the asset in the t-1 period. As per the scientific literature, the logarithmic yields are preferred, which had to show a normal distribution.
Testing the unit roots of the series is the first step that we have to do. In order to achieve what we have proposed, we have chosen the Augmented Dickey-Fuller (ADF) unit root test in order to check the non-stationary presumption. The equation of the ADF test is showed below:
Where t is a time trend, T= length sample, k is a coefficient that has the length of the gap between the dependent variables.
The null assumption presumes that the variable has a unit root, and the alternative is that a stationary process generated the variable.
The study of financial time series uses the GARCH models such as evolution of stock market prices, the exchange rate or rate of return on financial assets, and so forth.These models are important because of the differences betweenunconditional and conditionaloptions. Unconditional variants are expected to be time-independent and conditional variants are expected to be linked to past experiences that are involved in the multitude of data at time t-1.
Engle (1982) introduced the ARCH models and Generalized (GARCH) by Bollerslev(1986). A GARCH model permits to the conditional variation to depend on its previous lags. Through GARCH models, the AR process transforms the ARCH model into an ARMA process by adding a MA process. The GARCH model (p, q) is:
where ω>0 and αi≥0,βi≥0.
As we can see, the conditioned variance depends on the historical values of the shocks as well as on the values of the variance which took place in the past. The represent the reaction of volatility to shocks in the financial market. The parameter p is the order of the GARCH terms and q is the order of the ARCH terms.
GARCH (1, 1) represent the most appropriate model by majority ofresearchers to adapt the volatility evolution.
The model that permits stocks to have nonsymmetrical effects on conditional variants is the EGARCH model (exponential GARCH)(which was brought in 1991 by Nelson). The result of information is considered exponential, not square as before. The EGARCH model (1,1), the equation is:
As you can see γ is the measure of the leverage effect. If γ>0there is leverage and the impact is asymmetrical if γ ≠ 0.
In order to make causality analyses of the two variables, as per the literature, we can consider the Granger causality test. According to it, x does not Granger-cause y in the first regression and y does not Granger-cause x in the second regression. We have bivariate regressions:
Empirical findings and discussions 4.1. Causality investigations
Tables 1 presents descriptive statistics of daily logarithmic returns of the STOXX 600 indices. The return series is negatively inclined (with the exception of indices for Automobiles & Parts and banks). Source: Authors' work.
According to the ADF stationarity test, all data series are stationary, being integrated with order I (0). It can also be seen from previous charts. The results can be found in the appendix to the article.
The results point out that the coefficients are statistically significant and it can be seen a direct relationship between STOXX GLOBAL 1800/ EURO STOXX PRICE INDEX and STOXX 600, with a stronger influence coming from EURO STOXX PRICE INDEX (the index includes companies operating in the euro area). According to the empirical results, Banks have the largest influence from the industry selected. Other significant influence is done by Health Care industry and INDS_GDS_SVS. All the sectors have a positive impact on STOXX 600 index with only one exception, namely Real Estate, his coefficient being not statistically significant. 
Source: Datastream, authors' calculations
We are also interested in the relationship between large and small companies. Based on the estimates made, there is a statistically significant link between them, and the biggest contribution seems to have the big companies on the STOXX 6000. 
Table 4. Equation of the STOXX_EUROPE_600 index by small and large firms

Source: Authors` work
With the VAR model, we will analyze how the sectors of the STOXX 600 Index are influencing and how they influence the evolution of the STOXX index.
In Figure 4 are presented thevariance decomposition and the impulse response function and allow us to clear out if the behavior of one variable is linked to innovations of another variable in the future. However, the impulse response function shows us how much the STOXX 600 variable reacts to other variables' shocks. The horizontal axis (X) of the chart is the number of periods and the vertical axis (Y) represents the totality of the variable which are expected to be modified because of a unit impulse.
We have outlined the impulse response results below for some of the sectors of activity in the STOXX 600 index.
If we take into consideration the impulse-response functions, we can show how the impact of the sectors, represented by various indices, looks like. As we have presented in the graphs, telecommunications, media, insurance, retail and real estate had a negative impact from the beginning on STOXX600 index. Although some of them present a positive reaction in the first period and then increase, decrease or fluctuate along the way.
We have also studied how large and small companies react as a result of shocks.Also, other interesting conclusions can be drawn from the analysis of small and large firms.The STOXX 600 index reacts positively in the first period as a result of the positive innovation applied to large companies, and negative as a result of the shock applied to small companies. Response of STOXX_EUROPE_SMALL_200 to Cholesky One S.D. STOXX_EUROPE_LARGE_200 Innovation In order to analyze causality between two variables, as per the literature review, we can choose the Granger causality test. In this regard,the mean must be 0 and the data series must be stationary. After their conversion, we have obtained the following results; more details can be found in the annex to the paper. We have achieved the following:
 Unidirectional causal relationship from the insurance sector to STOXX 600;  Bidirectional causal relationship between auto, construction and material components, retail, telecom, utilities and STOXX600. We also notice two-way causal relations between:
 Insurance and banks  Insurance and financial services  Health and financial services  Oil and banks  Insurance and auto  Banks and cars  Oil and financial services Causality also occurs between small and large companies. The Granger causality test allows us to confirm the presence of a bidirectional causality between them. Source: Authors' work.
Studying volatility
Quantiles-Quantiles plot is a simple method which is preferred in order to make a comparison between two distributions and it is the graph of an empirical distribution versus a theoretical distribution (the normal distribution).In our case the division is not normal, but in case the empirical division is normal, the Q-Q graph could be the first bisector. Source: Authors' work.
Studying volatility of STOXX 600 and component industries
In table 6 we wanted to show the volatility of the main sectors STOXX 6000 indices. We have used EGARCH (1,1) equation in order to generate the historical volatility series.
As it is shown, volatility had different evolutions over the analyzed period 2001-2019.The highest volatility can be noticed in 2008-2009 period, followed by a decreasing period, in 2010. A new episode of volatility was noticed in 2011 and 2012, which decreased after that period. In 2015, volatility known a significant period thanks to slower economic growth in China due to lower oil prices and geopolitical instability.
At the beginning of the 2016 there is a high volatility this being sustained by turbulences that took places on the Asian stock exchanges and of course UK referendum also had an impact in increasing the volatility in June 2016. In the case of large and small companies, we observe a similar evolution with the sectors. But for these we managed to capture the evolution of volatility even before the 2000s.
The high volatility periods before the 2000s can be explained: in the 97-98 period, the Asian crises occurred and it has a big impact on the market as Korea was at that moment one of the world's fastest growing economies. But because of weak financial supervision and the decrease of Japanese yen, Korea and other Asian countries have felt the effects of the crisis. The boom of the investments has stopped and companies from Asian countries encountered financial difficulties.
Conclusions
The main objective of this paper was to find outif there is a relationship between the main industries of the STOXX EURO 600 index. Also we wanted to provide evidence if there is a link between small and large firms. In order to achieve our objectives we used daily data between January 2001-March 2019, data sources is Datastream. We have selected a number of optimized STOXX indices representing various sectors of the economy (Banks, Health, Industrial Products and Services, Insurance, Personal and Household Products, Food & Beverage, Petroleum and Gas, Chemicals, Telecom, Utilities, Retail, Auto and Parts, Mass Media, Basic Resources, Construction and Material, Real Estate, Travel and Leisure, Financial Services). As respects the relationships between small and large firms, we have selected two stock indices STOXX EUROPE SMALL 200 and STOXX EUROPE LARGE 200.
The main statistical tools used in this research are the VAR models, impulse-response functions, Granger causality test and GARCH models.
The empirical results pointed out the presence of a positive relationship between all the sectors selected and STOXX 600 index. The Granger causality test showed a unidirectional causal relationship from the insurance sector to STOXX 600 and a bidirectional causal relationship between automobiles & parts, construction and material components, retail, telecommunications, utilities and STOXX600. Other interesting results that are worth mentioning regarding the causality between sectors: we identified two-way causal relations between: insurance and banks, insurance and financial services, health and financial services, oil and banks, insurance and automobiles & parts, banks and cars, oil and financial services.The Granger causality test allows us to confirm the existence of a bidirectional causality between small companies and large companies.
The volatility analysis allowed us to see that it is affected by the economic or political events that took place during the analyzed period. The volatility had different evolutions over the analyzed period 2001-2019. The highest volatility can be noticed in 2008-2009 period, followed by a decreasing period, in 2010. A new episode of volatility was noticed in 2011 and 2012, which decreased in the next period.In 2015, volatility known a significant period thanks to slower economic growth in China because of geopolitical instability and lower oil prices.
At the beginning of the 2016 there is a high volatility this being sustained by turbulences that took places on the Asian stock exchanges and of course UK referendum also had an impact in increasing the volatility in June 2016. In the case of large and small companies, we observe a similar evolution with the sectors.
We strongly believe that our results will be useful not only in theoretical and empirical academic work, but also to regulators and investors.
